Abstract: In this paper a knowledge-based clustered partitioning technique is developed for determining reliability index and failure probability of rock wedge. Here, the a reliability index is analyzed and the optimization is carried out using a knowledge-based clustered partitioning (KCP) technique. The reliability index computed with this KCP technique is compared with those using other approaches such as the Excel Solver-based method. The new technique for determining the reliability index involves a global search method and is found effective and efficient. Reliability analysis with this KCP technique is then used to examine the influence of parameter uncertainties and correlations among the parameters on the failure probability of rock wedges. Significant findings are derived from the sensitivity and parametric analysis.
Introduction
Variability in the parameters of earthen materials has long been recognized (e.g., Harr 1987; Baecher and Christian 2003) . Sources of variability include the inherent variability of earthen materials, measurement errors, and transformation (model) uncertainties. The inherent variability of earthen materials is associated with the randomness of natural processes. The measurement errors may be attributed to different test equipment, operators, and testing procedures. The transformation uncertainties can be induced when empirical or correlation-based models are employed to transform field or laboratory measurements to the design inputs (Phoon and Kulhawy 1999) . The variability in the geotechnical parameters can lead to various degrees of uncertainty in the results of an engineering analysis. To deal with this uncertainty, the concept of allowable factor of safety (FS) is generally employed in the design. This design concept, involving an allowable FS that has been calibrated with experience and/or field observations, is quite rational and has been used satisfactorily for decades. However, the physical meaning of FS is often hard to explain well. For instance, how much safer is FS ¼ 1:2 over FS ¼ 1:1 in a given geotechnical problem? Many investigators (e.g., Oka and Wu 1990; Christian et al. 1994) have argued that the concept of probability of failure or reliability can provide a more consistent measure of the safety level in many geotechnical problems.
Use of probability/reliability-based methods for slope stability analysis has a relatively long history in geotechnical engineering. In fact, slope stability is one of the most widely reported geotechnical applications of probability/reliability. A few examples are cited herein. Wu and Kraft (1970) presented one of the earliest studies on the safety of slopes. Tang et al. (1976) discussed probability-based short term design of soil slopes. Vanmarcke (1977) discussed the reliability of earth slopes, and similarly, Li and Lumb (1987) discussed probabilistic design of slopes. Christian et al. (1994) presented a thorough reliability analysis of slope stability. Low et al. (1998) introduced a practical reliability approach to slope stability. El-Ramly et al. (2002) discussed probabilistic slope stability analysis for practice. Babu and Mukesh (2003) presented a risk analysis of landslides. Griffiths and Fenton (2004) presented probabilistic slope stability analysis using finite elements. Wolff (2008) and Wu (2008) provided an update on the reliability of levee systems and slopes, respectively. The previous studies focused on stability analysis of earth slopes. For rock slopes, Low (1997 Low ( , 2007 provided a practical reliability-based solution using spreadsheets. Park and West (2001) also presented a probabilistic approach for rock wedge failure analysis.
Although many approaches are available for determining the probability of failure, the focus in this paper is on the reliability analysis technique. In particular, the reliability index proposed by Hasofer and Lind (1974) , denoted as β HL , is computed with a knowledge-based clustered partitioning (KCP) technique. As an example to demonstrate this KCP technique, the problem of rock wedge stability is analyzed. The paper is structured into three main parts: (1) the reliability index and KCP technique, (2) rock wedge stability analysis and validation of the KCP-based reliability method, (3) sensitivity analysis of rock wedge stability. Hasofer and Lind's Reliability Index A matrix formulation of the Hasofer and Lind's (1974) reliability index (β HL ) may be expressed as follows (Ditlevsen 1981) :
where x = a vector representing a set of random variables x i (i ¼ 0, n À 1, where n = number of random variables); μ i and σ i = mean and standard deviation of x i , respectively; R = correlation matrix of x; Θ = a state region described in next section.
The reliability index β HL may be thought of as the minimum distance from the mean of the variables to the boundary of the failure region in the vector direction of directional standard deviations (Low 1997) . Solution of β HL is essentially a problem of optimization subjected to the constraints. Low (1997) and Low and Tang (1997) presented a practical approach using spreadsheet (note: invoking "Solver" in the Excel spreadsheet). Low (2008) further demonstrated this practical reliability approach to several geotechnical design problems. Several other algorithms such as Lagrange's multiplier (Shinozuka 1983 ) and polynomial technique (Chowdhury and Xu 1995) are also available. In this paper, an efficient but less well-known technique, the knowledge-based clustered partitioning approach, is introduced for solving β HL .
Knowledge-Based Clustered Partitioning Technique
An optimization algorithm is required to solve for β HL in Eq. (1). In this paper, a KCP approach (Shi et al. 1999) , which is a global optimization technique, is employed to solve for β HL . The KCP approach uses a systematic algorithm to locate promising regions to shorten the iteration time in the optimization process. Each random variable x i in Eq. (1) is assumed to follow a normal distribution (note: for a nonnormal variable, its equivalent normal can be obtained through transformation; see, for example, Ang and Tang 1984) . Thus, the variable x i can be expressed as follows:
where K i = a random variable indicating number of standard deviation departure of x i from μ i (note: although in theory K i can vary form þ∞ to À∞, it has to satisfy the constraint that the resulting x i be within the probable range). Therefore, as expressed in Eq. (2), a data space formed with x i can be converted to another data space formed with K i . Fig. 1 is an example of a transformed two-dimensional space (K 1 , K 2 ) in which the origin (0, 0) is marked by the point O. The corresponding FS at point O is the central factor of safety (CFS) derived from the deterministic slope stability analysis. Thusly, CFS is a single-valued measure that requires no knowledge of parameter uncertainties (Harr 1987) . As shown in Fig. 1 , the limit state surface (Ψ) is defined by G K ¼ 0, and the failure region and the safety region are denoted by G K < 0 and G K > 0, respectively. If point O is located in the safety region, the term (symbol) in Eq. (1) represents the domain of G K ≦0. Θ represents the domain of G K > 0 if the origin is in the failure region. The point on Θ that is nearest to the origin is referred to as the design point, D, and the shortest distance OD as shown in Fig. 1 is known as the reliability index, β HL . Shinozuka (1983) proved that point D has the highest possibility to fail (and thus, the distance OD is the shortest, which yields β HL ). The safety of the system being examined increases with the increasing β HL value. The nominal probability of failure, p f , is related to the reliability index β HL as follows (Ang and Tang 1984) :
where Φ = standard normal cumulative distribution function defined as (note that ς in this expression is a dummy variable):
It should be noted that the computation of p f with Eq. (3a) implies a linearization of the limit state surface at the design point. Thus, the resulting p f will be an approximation of the failure probability for a nonlinear limit state surface. In the transformed space (see Fig. 1 ), the design point D can be expressed with the random variables K i [see Eq. (2)]. On the assumption that the limit state surface is defined by seven (7) random variables (note: for the rock wedge stability analysis to be presented later, the limit state involves seven variables), the design point in the transformed space can be described with seven numbers, K i (i ¼ 0, 6). To find the design point (and the shortest distance to the origin), optimization involving seven variables has to be conducted. This optimization process is quite time consuming. To shorten the required search, the design point is first expressed in a polar coordinate system with one length L and three angles θ 1 , θ 2 , and θ 3 as follows:
where u i (i ¼ 0, 6) = possible values of K i in the transformed space; and the angles (θ 1 , θ 2 , and θ 3 ) and the length (L) are the unknowns to be determined. It is noted that Eq. (4) employs one length variable and three angle variables to express u, which yields seven addressable variables [u i (i ¼ 0, 6)]. The number of angle variables (and thus, the dimension of u) can be increased, as needed, to model more than seven random variables. Note that
L is the distance between any given point on the limit state surface and the origin. If all the points [each represented by u i (i ¼ 0, 6)] on the limit state surface can be found and analyzed, the reliability index, taken as the shortest distance to the origin (or smallest L), can be readily determined. With the above transformation into the polar coordinate system, the optimization to find the design point would involve only four variables, reducing from the original seven variables.
To convert into the polar coordinate system, the term K i in Eq. (2) for x i may be replaced by any u i . To assure of the success in the search of the design point, however, each u i can only be selected once for a given K i . Thus, the first variable K o can take its value from seven possibilities, u 0 , u 1 , …, and u 6 . For the second through seventh variables (K 1 through K 6 ), the number of possibilities reduces to six, five, four, three, two, and one, respectively. Therefore, a total of 5,040 (i.e., 7!) combinations are possible, and the analysis has to be repeated 5,040 times, which would be very time consuming. In this study, the KCP technique (Shi et al. 1999; Lee et al. 2007 ) is utilized to reduce the total number of combinations in the search. This technique can be implemented in four main steps: (1) partitioning, (2) random sampling, (3) calculation of the length, and (4) backtracking. These steps are followed by the computation of the reliability index and probability of failure. The KCP-based reliability method is summarized in a step-by-step procedure described below.
Step 1-Partitioning A close examination of Eq. (4) shows that u 0 and u 1 are conjugated; u 0 and u 1 are the term L × sinðθ 1 Þ × sinðθ 2 Þ multiplied by sinðθ 3 Þ and cosðθ 3 Þ, respectively, and the square root of the sum of u 2 0 and u 2 1 is equal to the term L × sinðθ 1 Þ × sinðθ 2 Þ. Additionally, the terms u 2 and u 3 are conjugated, and so are the terms u 4 and u 5 . Finally, u 6 and the square root of the sum of u are also conjugated. Therefore, to implement Eq. (2), u i may be divided into three partitions: u 0 and u 1 in one partition, u 2 and u 3 in another partition, and u 4 , u 5 , and u 6 in the third partition. Within a partition, the order of u i is not important; for example, [u 0 , u 1 ] and [u 1 , u 0 ] are considered the same alternative. With partitioning, the number of possibilities in assigning u i to a given K i can be reduced. For example, if u 0 has been assigned to K o , then u 0 will not be assigned to K 1 .
Step 2-Random Sampling (2) is to be substituted by u i , the seven variables K i (i ¼ 0, 6) may also be separated into three partitions, similar to the partitioning of the seven variables u i . Thus, in each sampling, two u i values are chosen at a time and are then assigned to the corresponding K i values. As shown in Fig. 2 , the sampling process is carried out in three stages. Sampling starts with K 0 and K 1 , and the corresponding u i are chosen according to the partitioning principle described previously. Thus, there are 21 possible combinations (C 7 2 ¼ 21) to assign K 0 and K 1 . Next, sampling with K 2 and K 3 is carried out and the corresponding u i can be determined, which has 10 possible combinations. Finally, sampling with K 4 , K 5 , and K 6 is carried out and there is only one alternative. The number of all possible combinations in assigning the values of the seven variables through the three partitions is 210, resulting from 21 × 10 × 1 ¼ 210. This number is far less than 5,040, the total number of combinations without partitioning. The result shows that the KCP approach is an effective and systematic means to reduce the computational time because the number of combinations required for the search is greatly reduced.
Step 3-Calculation of the Length L As shown in Fig. 3 , a searching algorithm that involves three levels of search for length L and two levels of search for the angles is developed. The starting values of the angles θ 1 , θ 2 , and θ 3 are all set to 0, whereas the starting value of the length L is set to ffiffi ffi n p , where n = the number of variables (thus, in this case,
). Our previous study showed that an initial value of ffiffi ffi n p is a good choice. If the initial value is set too low, the optimization process would take longer to complete or the search may not reach the optimal. Use of ffiffi ffi n p as the initial value for L worked out well in the previous study and in the present study. In the search for optimization, described later, the initial increment in angles θ 1 , θ 2 , and θ 3 is set to be 45°and the change in length L is based on the bisection method. After each sampling, the variables K i [used in Eq. (2)] should be checked to ensure the corresponding x i values are within the preset bounds. The sampling process is repeated until a set of L, θ 1 , θ 2 , and θ 3 is produced that yields a satisfactory x i .
The objective in the search (optimization) is to find the minimum L value, denoted as L min , which satisfies all constraints. As shown in Fig. 3 , the factor of safety (FS) against the occurrence of failure for a satisfactory sample is calculated using the general slope stability analysis. Depending on the calculated FS, the length L min will be increased or decreased. Initially, the range of L min is set to be ½a; b ¼ ½0; L. If FS≦1, L min falls in the range [0, L∕2], and in this situation, set b ¼ L∕2 and repeat the process. Otherwise, L min falls in the range [L∕2, L]; accordingly, set a ¼ L∕2 and repeat the process. The entire process is continued until
After L min is determined for a given set of angles (θ 1 , θ 2 , θ 3 ), the process is repeated for all other sets of (θ 1 , θ 2 , θ 3 ). This process is carried out by changing one angle at a time (changing θ 1 first, then θ 2 and finally θ 3 ), as illustrated in Fig. 3 . In each alteration of angle, the increment is set to be half of the previous angle increment. With each new set of angles (θ 1 , θ 2 , θ 3 ), the process of determining L min through the bisection method based on the calculated FS is repeated. In the end, a new L min is determined for the new set of angles. This process is repeated until the angle increment is less than 1°in all three angles. The minimum value of all the L min values obtained for all possible sets of angles is the optimum solution of the minimum length at this stage.
In the search process, another stopping criterion of L > 5, θ 1 > 360°, θ 2 > 360°, and θ 3 > 360°is implemented. Here, the restriction on each of the three angles is placed at their upper bounds, and the restriction of L > 5 is selected because the failure probability is approaching zero if the reliability index is greater than five. The entire process described previously is repeated for all possible K i (or u i ) combinations.
Step 4-Backtracking
If in a certain sampling the random variable x i does not fall in the preset range (i.e., does not pass the reasonableness test, see Fig. 3 ), change angles θ 1 , θ 2 , θ 3 in turn and repeat the process. Another backtracking point involves the situation when the stopping criterion (L > 5, θ 1 > 360°, θ 2 > 360°, and θ 3 > 360°) is reached.
In that situation (see the rightmost part of Fig. 3 ), a new combination of u i has to be created based on new partition, and all the previous steps need to be repeated.
Step 5-Determination of β HL and p f
The smallest value of all the minimum L values obtained for all combinations of u i is taken as reliability index β HL and the design value of all variables x i is obtained by substituting the corresponding K i into Eq. (2). The probability of failure p f is obtained from Eq. (3) with the known β HL .
Stability of Rock Wedges-A KCP-Based Reliability Approach
In a fractured rock mass, slope failure often occurs along the discontinuities during the heavy rain period, which can causes serious damage to roadways and passersby. In rock slope engineering, the stereographic projection technique is a conventional method plotting the discontinuity orientations and slope surface in a stereoplot for determination of the factor of safety based on limiting equilibrium (Goodman 1976; Hoek and Bray 1981) . Low and Einstein (1992) and Low (1997) suggested a closed-form solution for FS of the two-joint tetrahedral rock wedges. They divided rock wedge failures into four modes, Biplane, Plane 1, Plane 2, and floats modes (Table 1) . These failure modes are mutually exclusive. Table 1 lists the condition and the performance function of each of these failure modes. Fig. 4 illustrates the parameters defined in Table 1 , including the orientation angles of two discontinuities 1 and 2 (β 1 , δ 1 , β 2 , δ 2 ), height of wedge (h), inclinations of upper ground surface (Ω) and slope face (α), rock density (γ), normalized water pressure parameters (G w1 , G w2 ), and friction angles and cohesions of the two specified discontinuities (ϕ 1 , ϕ 2 , c 1 , c 2 ). The orientation angles β 1 , δ 1 , β 2 , δ 2 are obtained form the switch of the direction and dip values of joints shown in Fig. 5 . Note that the dip directions and dip angles of two joints and the slope face can be measured form field investigation. The normalized water pressure parameter, G w , is defined as follows (Low 1997) :
where h w and h = depths of the groundwater and the slope height, respectively. When the water level reaches the ground surface (i.e., h w ¼ h), G w equals 0.5. In the present study, the closed-form equations by Low and Einstein (1992) , described previously, are adopted to calculate FS of the rock wedges. It is noted that the premise of the above analysis for FS is a kinematical constraint that α > ε > Ω (Low 1997) , where α, ε, and Ω are the inclinations of a slope, interline discontinuities, and upper ground surface, respectively. There is no need to perform the stability analysis (as failure is not possible) if the kinematical constraint is not satisfied.
As a way to verify the KCP-based reliability method, an example taken from Low (1997) is analyzed. This example involves two sets of discontinuities; the orientation angles associated with these discontinuities are shown in Table 2 . Notations shown in Fig. 4 are followed herein. For this example, the two discontinuities are assumed to have the same strength parameters, ϕ and c. Thus, seven random variables including β 1 , β 2 , δ 1 , δ 2 , G w1 ð¼ G w2 Þ, ϕ 1 ð¼ ϕ 2 Þ, and c 1 ð¼ c 2 Þ are included in the reliability analysis. These random variables are assumed to be normally distributed. First, the kinematical constraint that α > ε > Ω is verified. Considering the mean values only, the deterministic analysis yields a central factor of safety CFS ¼ 1:50. By applying the KCP-based reliability method, the reliability index β HL and the probability of failure p f are determined for each of the four failure modes. The results are shown in Table 3 along with those obtained by Low (1997) . Recalling that Low's solution is obtained with a proven reliability method using Excel Solver, an excellent agreement between the two solutions as presented in Table 3 supports the validity of the KCP-based reliability method and establishes it as an effective approach.
The KCP approach involves a global search technique that can avoid falling into local trap in the optimization. The efficiency of the KCP-based approach is discussed subsequently. As is shown later, the results presented in Figs. 6-10 involve solutions of the probability of failure of rock wedge for 240 cases. By using a personal computer (PC) equipped with Pentium(R) Dual-Core CPU E5200@2.5GHz with 2GB RAM, the total time required was approximately 360 min using the Excel-based reliability method. For solutions of the same 240 cases using the same PC but with the KCP-based approach, the total time required was approximately 40 min. Thus, there was a reduction in the computation time of approximately 90%. Comparable reduction in the required computation time was found in a previous study ) in which 168 liquefaction case histories were analyzed for their probability of liquefaction; the time required using the Excel-based reliability method was approximately 250 min, whereas it was approximately 30 min using the KCP-based method. Thus, the KCP-based approach is considered an efficient method. Greater efficiency of the KCP-based approach stems from its systematic partitioning and sampling mechanism. 
Parametric Analyses
Influence of Rock Strength and Water Pressure on the Failure Probability
Generally, the water pressure in a rock mass will rise with increasing duration of rainfalls. In addition, the strength of some rocks, such as slate and the interbedded layer of mudstone and shale, will decrease with increasing time submerged in water. It would be of interest to examine the influence of the change in rock strength and water pressure on the failure probability. For this series of analysis, consider a hypothetical case with eight random variables, including β 1 , β 2 , δ 1 , δ 2 , ϕ 1 , ϕ 2 , c 1 , and c 2 . The water level is assumed to be a fixed value (i.e., G w1 and G w2 are not random variables). Table 4 shows the mean value and coefficient of variation (COV) of each of the eight random Variables Note: Other data: variables. Note that the number of random variables in this case (example II, see Table 4 ) is different from that of example I (Table 2) . By using the mean values listed in Table 4 for a deterministic analysis, the failure mode is judged to be BiPlane model and the CFS is determined to be 1.32. Fig. 6 shows the relation between the change of rock strength parameters (ϕ, c), and the failure probability (p f ) under the scenario of full water level. Here, the data points represent the actual results of the KCP-based reliability analysis and the solid curve represents a fitting curve through least-square regression. In Fig. 6 , the x-axis represents the strength reduction factor (λ). If λ ¼ 1, the original mean values of ϕ and c are used for the analysis; similarly, one half of the original mean values of the strength parameters (ϕ 1 , ϕ 2 , c 1 , and c 2 ) is used for the analysis if λ ¼ 0:5. As shown in Fig. 6 , when λ ¼ 0:77, the failure probability p f equals 0.5 and CFS ¼ 1, which corresponds to a critical state. Fig. 7 shows a plot of p f versus G w at different λ levels. For a given λ, the failure probability p f increases as the normalized water pressure parameter G w increases. At the same G w level, however, the failure probability also increases as the reduction factor λ decreases. Thus, in case that the duration of a rainfall lengthens, G w will increase and λ will decrease, and thus, both parameters will have an adverse effect on the stability of rock wedges. Fig. 7 also shows that the failure mode of this rock wedge depends on the magnitude of the normalized water pressure parameter: when G w < 0:8, the critical failure mode is the BiPlane mode; and when G w ≥ 0:8, the critical failure mode is the Plane1 mode. Fig. 8 shows the relation between CFS and G w at different λ levels. At the same λ level, CFS decreases as G w increases regardless of the type of the critical failure mode. At the same G w level, CFS decreases as λ decreases. The behaviors of rock wedge (in terms of either failure probability or central factor of safety) as affected by rock strength and water pressure observed from the results of the analysis are consistent with the principles of rock mechanics.
Influence of the Level of Parameter Uncertainty on the Failure Probability
The parameter uncertainty in rock slope stability is difficult to determine, as the shear resistance depends on the material strength and the roughness of discontinuity. For the parametric analyses, we assume the coefficient of variation of the parameter ϕ, denoted as COVðϕÞ, to be in the range of 10% to 20% based on a survey of the literature (see Table 5 ). Similarly, we assume the coefficient of variation of the parameter c, denoted as COVðcÞ, to be in the range of 10% to 30% based on a survey of the literature (see Table 5 ). The effect of the uncertainty level of strength parameters (ϕ and c) on the failure probability (p f ) are examined, as shown in Fig. 9 . Here, example II (see Table 4 ) is reanalyzed with different uncertainty levels of strength parameters. Previously, the COVs of ϕ and c are set at 15% and 20%, respectively. In this series of parametric analysis, COVðϕÞ is assumed to be 10%, 15%, and 20%, respectively, and COVðcÞ is assumed to be 10%, 20%, and 30%, respectively. As shown in Fig. 9 , the effect of assumed COVðcÞ on the resulting p f − CFS curve for this rock wedge stability is quite significant, whereas the effect of COVðϕÞ is not significant for the ranges of COVs examined.
The influence of parameter uncertainty on the failure probability can be further explained with another example. At a given CFS ¼ 1:32, the probability of failure for example II slope is p f ¼ 0:064 when the strength uncertainty level is at COVðϕÞ ¼ 20% and COVðcÞ ¼ 30%. When the strength uncertainty level is reduced to COVðϕÞ ¼ 10% and COVðcÞ ¼ 10%, the same problem will yield p f ¼ 0:0001 even if the CFS remains 1.32. Thus, the design based on CFS can yield different failure probabilities. This confirms the well-known observation that the failure probability is a more consistent safety measure than the factor of safety. When the parameter uncertainty is significant in a geotechnical design, use of the reliability-based method is preferred because it can incorporate this uncertainty in the analysis and thus enable a more rational decision in the design. 
Influence of Parameter Correlations on the Failure Probability
This series of analysis seeks to demonstrate the importance of recognizing the dependency between the two rock strength parameters, ϕ and c, and between the water pressure parameter G w and ϕ. In these analyses, example I is reanalyzed with additional constraint, that is, considering the correlation coefficient ρ ϕ;c (between ϕ and c) and the correlation coefficient ρ G;ϕ (between G w and ϕ). The correlation coefficients are assumed based on those reported in the literature (Table 6 ). The negative correlation between ϕ and c reflects the fact that in rock strength testing, the cohesion decreases as the friction angle increases. The parametric analysis is performed herein to investigate the effect of the coefficient of correlation in the typical range on the failure probability. The presence of water in a rock discontinuity may lead to mechanical and/or chemical effects, altering the shear strength of the discontinuity. In the case of rougher discontinuities, water saturation has a greater negative influence on friction angle (Duzgun et al. 2003) . Thus, water pressure parameter G w and friction angle ϕ is negatively correlated.
For this parametric analysis, these correlation coefficients are assumed to be negative ranging from À0:1 to À0:6. Three scenarios are analyzed considering: (1) only ρ ϕ;c , (2) only ρ G;ϕ , and (3) both ρ ϕ;c and ρ G;ϕ . The results obtained with the proposed KCP-based reliability method are shown in Fig. 10 .
The reliability index β HL is shown to increase as the absolute value of the correlation coefficient, jρ ϕ;c j, increases. However, β HL decreases as jρ G;ϕ j increases. When both jρ ϕ;c j and jρ G;ϕ j are considered, the effect of the two correlations is partly canceled with each other, and β HL rises in a smaller range. Thus, the failure probability p f and jρ ϕ;c j are negatively correlated, and p f and jρ G;ϕ j are positively correlated. An important implication of this finding is that the failure probability could be overestimated if the correlation jρ ϕ;c j is not incorporated in the reliability analysis. However, neglecting the correlation between water pressure parameter and friction angle jρ G;ϕ j may lead to underestimation of the failure probability.
Concluding Remarks
The results presented in this paper show that in a given geotechnical engineering problem, such as stability of rock wedge, the factor of safety evaluated with the best estimate (mean) of input parameters may not be adequate in presenting a whole picture of the safety measure. For a given rock wedge with the same central factor of safety, different levels of parameter uncertainties can result in different probabilities of failure. Thus, it is more meaningful to evaluate the safety of rock wedge with a reliability-based method that can incorporate parameter uncertainties in the analysis. The probability of failure derived from the computed reliability index can complement the traditional factor of safety for a more complete measure of the safety level.
The proposed knowledge-based clustered partitioning (KCP) technique, a global search technique, is shown to be an effective algorithm for searching for the design point and reliability index. Its validity is demonstrated through comparison with the existing methods. This KCP-based reliability method is especially efficient for dealing with a performance function (or limit state) that involves a larger number of random variables. Greater efficiency of the KCP technique comes from its systematic partitioning and sampling mechanism.
The probability of failure of rock wedge is especially affected by the rock strength and water pressure and their uncertainty levels. Thus, it is essential to make a concerted effort to reduce the uncertainty in the estimated rock strength and water pressure parameters in the field and laboratory investigation. Furthermore, it is also important to properly evaluate the possible correlations among the input parameters. Computed failure probability could be misleading if the correlations are not included in the reliability analysis. 
